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Abstract
This study proposed a novel linkage-based method for imputing
missing DNA markers. This new method can be easily integrated
with many other association mapping approaches to improve
association mapping.
Association mapping has been widely used to detect desirable
genetic markers associated with traits of interest for plant and
animal improvement. Missing marker data area common and
challenging issue in association mapping studies. Deleting
individuals with missing markers can cause significant loss of
important genetic information and lead to biased results and
inappropriate conclusions. In this study, we proposed a linkage
based imputation method for missing marker data given available
linkage information. One significant advantage of this imputation
method is its integrity with many currently available association
mapping methods: once new data sets are imputed, many
computer tools including various variable selection methods could
be employed to determine markers associated with traits of interest.
Imputation accuracy for this imputation method was evaluated by
simulated data. As a demonstration, we applied this new approach
to imputing missing data of single nucleotide polymorphism (SNP)
markers in a barley data set and selected a set of SNP markers
highly associated with heading date. Results showed that three of
the five detected markers were associated with the regions or QTL
of known of heading date control, suggesting that this new method
is reasonably effective and robust in marker association study.
Keywords
Association mapping; Barley; Forward selection; Imputation;
Heading date; SNP

Introduction
Association mapping has been widely used in detecting genetic
markers associated with traits of importance in research areas such as
plant breeding, human disease and animal breeding [1-6]. In recent
years, various useful statistical methods and computing toolshave
been developed for association mapping studies [7-12]. One of the
critical challenges in association mapping is missing markers. For
example, direct use of some of the statistical methods/tools mentioned
above could be limited when some markers are missing. Therefore, it
is helpful to fully use missing marker data in genetic mapping studies.
One commonly used method to deal with missing datais to
remove the markers with any missing points, i.e. using only markers
with complete data collection. List-wise (known as complete-case
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analysis) and pair-wise (known as available-case analysis) deletions
are among the most common approaches of dealing with missing data
[13]. Two major advantages of deletion methods are convenience and
implementation speed. However, deletion methods may cause biased
parameter estimation if the assumption of the “Missing Completely
At Random” (MCAR) mechanismis not valid. The MCAR mechanism
assumes that missing data are independent of other predictable
variables, including the missing variable itself. Even if the MCAR
assumption is valid, eliminating data can cause the loss of power and
waste of information [14]. For single-marker analysis, it might be
satisfactory to use deletion methods with a few missing data points;
however deletion methods can be more problematic for multiplemarker analysis [15,14].
Instead of direct deletion of missing data, another commonly
used method is imputation, replacing missing data with estimated
values based on the observed data. Thus, the population size can
remain the same with imputed data. Several imputation methods and
tools based on a hidden Markov model (HMM) approach, such as
IMPUTE [16,17] MACH [18,19], GERBIL [20], have been proposed.
The key idea of HMM-based imputation methods is that haplotype are
generated at random and then two haplotype are used to impute the
missing genotypes [21]. In addition, some imputation methods like
TUNA [22], SNPMSTAT [23] and PLINK [6] have been carried out
based on SNP-tagging approaches [24]. Both HMM-based and SNPtagging-based imputation methods are performed by using linkage
dis equilibrium structure and reference datasets such as HapMap [25]
in which a large set of SNPs are genotyped [21]. Unlike in human
genotype imputation, it is sometimes difficult to find such a ‘reference
data set’ in plant genotype imputations. Many of these methods are
suitable for human rather than plant genotype imputations. For
genotype imputation, commonly used software named TASSEL
imputes missing markers using a k-nearest-neighbor algorithm [26].
Lander and Botstein developed interval mapping [27], which
uses two flanking markers to determine each quantitative trait locus
(QTL). In this study, the key idea of the interval mapping method was
used to develop a new imputation method for missing DNA markers
with linkage information available. This new method was evaluated
by using simulated data. As a demonstration, we applied this method
to a barley SNP data set with heading date. The reason to use barley
heading date as our demonstration was that this trait is of agronomic
importance and has been investigated. In addition, this imputation
technique was also integrated with a forward selection method to
identify DNA markers associated with heading date in barley.

Materials and Methods
Data collection
The phenotypic and genotypic data used in this study were initially
downloaded from the Barley Coordinated Agricultural Project
Hordeum Toolbox [28]. The cultivars used in this study included eight
breeding groups developed by seven research institutions. Each group
contained 96 lines (only 94 lines in the breeding group of University
of Idaho). Table 1 showed that five groups were identified with over
2000 SNP markers; where as the other three groups were identified
with over 1200 SNP markers but fewer than 2000. AA, AB and BB,
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Table 1: Summarized information of SNP marker data sets in eight data groupsa
Proportion (%) of Genotype

\Data Group in Institution

Number of
Lines

Number of
SNPs

AA

BB

AB

MMb

University of Idaho

94

2324

48.53

50.42

0.62

0.42

Busch Agricultural Resources Inc

96

2312

47.98

51.58

0.12

0.33

University of Minnesota

96

1290

49.87

49.60

0.33

0.20

Montana State University

96

1537

50.27

48.98

0.25

0.49

North Dakota State University(NDSU 2-Row)

96

2273

48.33

50.36

0.67

0.64

North Dakota State University(NDSU 6-Row)

96

1333

49.71

49.43

0.47

0.38

Utah State University

96

2489

38.25

46.92

0.98

13.85

Washington State University

96

2335

51.49

46.86

0.88

0.77

Note: aInformation collected from http://hordeumtoolbox.org
b
Indicates the proportion of missing markers

where AA and BB are homozygous and AB heterozygous expressed
the SNP markers as three genotypes, which were denoted. Except for
the breeding group of Utah State University, proportions for genotypes
AA and BB were ~50% each while the proportion for the heterozygous
genotype AB was less than 1% (Table 1). Although the breeding group
of Utah State University contained13.85% missing markers, which
were relatively higher than others groups, its heterozygous rate was
lower than 1%. We identified 448 SNP markers that were commonly
shared in all genotypes. Among these 416 SNPs were distributed on
seven chromosomes with linkage information available, ranging from
0 to 0.33. However, thirty two SNP markers were removed because of
missing linkage information. Since all these lines were selfed at least to
the F5-generation [29], the heterozygous genotype rate (AB) was slow
(0.72%) among these 416 SNP markers, it is reasonable to assume that
these missing markers are more homozygous. As a demonstration of
the use of this method, only one important agronomic trait, heading
date measured intwo environments (with and without irrigation
conditions), was used in this study. On the other hand, the genotypeby-environment interaction effects had little impact on this trait as
reported previously [29], thus, the mean values over two environments
were used for association mapping in this study. The missing rates for
these SNPs are summarized in Table 2.

Genotype imputations
Unlike imputation for quantitative variables, the key idea of
genotype imputation used in our study is that a missing SNP marker
can be considered as a binary random variable [30], whose probability
distribution can be derived based on the allelic information of one or
two flanking markers as provided in this study. Then, each missing
marker can be sampled based on a derived probability distribution.
There are two general cases of missing genotypes. The first case
is that there are two flanking markers for a missing locus and the
second case is that there is only one flanking marker for a missing
locus. Derivations of the probability for these two cases are detailed
as following.
For the first case with two flanking loci, the three markers
were denoted as locus 1 (with two alleles A and a), 2, and 3 (with
two alleles B and b), where locus 2 has unknown alleles M or m)
with r1 recombination fraction from locus 1 and r2 recombination
fraction from locus 3. The flanking loci were locus 1 and locus 3 with
recombination fraction r. The relationship among recombination
fractions is r =r1 +r2 -2r1r2 [31]. When r is small, no double crossover can
be assumed and the equation is equivalent to r=r1 + r2 [31]. Considering
the presence of double crossovers, the expected probability of AABB
could be written as a function of r: P (AABB)=0.5(1-r) and the
expected probabilities of AAMMBB and AAmmBB could be written
Volume 4 • Issue 1 • 1000115

as follows: P (AAMMBB) =0.5(1-r1) (1-r2) and P (AAmmBB)=0.5
r1r2, respectively. Using the same principle, the expected probabilities
for other genotypes could be derived. If A and B are tightly linked,
then the possibility of double crossover could be ignored, so that
the cases of AmB and aMb would be very rare [31]. As a result, the
expected probability of AAmmBB or aaMMbb could be close to zero.
The detailed results of expected genotype probabilities assuming the
presence or absence of double crossovers are listed in Tables 3 and
4 respectively. In Rubin’s imputation rule, the proportion of missing
genotypes is a variable with a probability distribution [14,30], so in
the next step the probability distribution of the missing SNP marker
based on flanking SNP markers needs to be derived. To achieve this
goal, we derived an expected probability of a missing SNP marker
conditional on flanking SNP markers by the conditional probability
equation such as:
P(=
MM | AABB)

P( AAMMBB) (1 − r1 ) (1 − r2 )
=
P( AABB)
1− r 1− r

and or the second case where there is only one flanking marker
available, the probability of a missing SNP marker conditional on
two flanking SNP markers introduced previously is not needed
because only one flanking marker, either locus 1 or 3, is available.
The solution for this case is to use the information of one flanking
SNP marker to calculate the conditional probabilities. For example,
the expected probability of genotype “AAMM” (no flanking marker
genotypeon locus 3) is 0.5 (1-r1). Similarly, the expected probabilities
of a missing SNP marker conditional on one flanking SNP marker are
P( MM | AA) =

P( AAMM )
= 1 − r1
P( AA)

P ( AAmm)
and P(=
mm | AA) = r1 .
P ( AA)

In some cases, recombination fractions need be estimated and
converted from genetic distances. Several recombination fraction
estimation methods exist [32-36]. In this study, though various
mapping functions can be used, we used the Haldane’s map function
[33] to estimate the recombination fraction:=
r 0.5(1 − e −2|d | ) , where
d is defined as the map distance between two marker loci. The users
may use other mapping functions too.
Once the conditional probability of a missing marker is derived,
we can impute each missing marker. After all missing markers are
imputed; a new data set could be generated. Then this new data set
could be used for further association mapping analyses with various
statistical methods and software [12,10,7, 8, 11,9]. Via this algorithm,
new data sets could be repeatedly generated and analyzed.
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Design of simulations
To validate the proposed genotype imputation method,
simulation studies were designed for both cases (with two flanking
markers and one flanking marker). For each simulated data set, we
generated 10,000 individuals each with three bi-allelic marker loci.
The three markers were denoted as locus 1 (with two alleles A and a),
2 (with two alleles M and m) and 3 (with two alleles B and b). Locus
2 was in the middle with r1 recombination fraction from locus 1 and
r2 recombination fraction from locus 3. Without loss of generality, we
assumed r1 ≤ r2 in all our simulation studies to reduce computation
demands. Marker information for locus 2 was considered missing.
For case 1 we only used marker information from loci 1 and 3, while
for case 2 we only used the information form locus 1. The imputation
accuracy over all missing points for each data set was calculated
(correct number of imputed genotypes/total missing points). Mean
accuracy estimates with corresponding standard deviations (SD) were
obtained from 100 simulated data sets based on different fixed preset
recombination fractions (r1 and r2) and are reported in Tables 5 and 6.

Association mapping approaches
In an actual data analysis, in addition to dealing with missing
Table 2: Summarized information of SNP marker missing rate for each
chromosome.
Marker Missing Rate (%)

Chromosome

Number of SNPs

Minimum

Maximum

Mean

1

36

0.13

8.27

2.50

2

59

0.26

9.45

2.75

3

78

0

33.33

2.64

4

47

0

13.65

3.39

5

102

0

18.64

3.14

6

52

0.26

8.79

3.34

7

42

0.13

33.73

3.69

Total

416

-

-

3.04

genotypic data, researchers are interested in detecting a group of
markers associated with a target trait. Once an imputed data set is
generated, a set of markers associated with a quantitative trait could be
determined by using the following multiple linear regression models:

yi =µ + ∑ j =1 b j xij + e (i =
1, 2,..., n; j =
1, 2,..., p)
p

i

(1)

Where yi is the phenotypic value of the i line; n is the number
of lines; µ is the intercept; bj is the effect of marker j; p is the number
of causal loci; xij is an indicator variable that takes a value of 0 or 1
if the genotype of the ith line at marker j is AA or BB, respectively;
and ei  N (0, σ e2 ) is a random error. In this study, we assumed all
marker effects were fixed with main effects only.
th

As mentioned above, a number of successfully used statistical
methods and software such as LASSO [7-9] and random forest [8,10]
could be employed for determining a set of markers associated with a
trait. In order to compare the results of association mapping between
pair-wise deletion and linkage based imputation methods, in this
study, we focused on a forward selection. By doing so, two criteria were
usedwith forward selection: adjusted coefficient of determination (R2)
and the p-value.
The forward selection method was used with both deletion
methods and the imputation proposed in this study. With deletion
methods, all individuals with one or more missing markers would be
deleted before forward selection is applied. In this study, in order to
maximize the use of marker information, we used a pair-wise deletion
method, which deleted the individuals with missing value (s) when
only markers were included in the model. By doing so, the data sizes
remain the same for an imputed data set while it could decrease as the
number of markers included in the model increases with the use of
the deletion approach. With the use of this linkage based imputation
method, imputed data could be repeatedly generated and analyzed. In
this study, imputed data sets were repeatedly generated 1,000 times,
then the frequency of each marker being selected was calculated. The
number of markers selected in the model among these imputed data
set varied from 6 to 16, where we observed that the increase in R2

Table 3: Expected genotypic probability for missing marker (MM/mm) and two flanking markers (AA/aa and BB/bb) with double crossover.
Flanking Marker Genotype

Probability for Flanking Markers

Probability
MM

mm

AABB
AAbb
aaBB
aabb
Table 4: Expected genotypic probability for missing marker (MM/mm) and two flanking markers (AA/aa and BB/bb) with no double crossover.

Flanking Marker Genotype

Probability for Flanking Markers

MM

Probability

mm

AABB
AAbb
aaBB
aabb
Volume 4 • Issue 1 • 1000115
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0.9565(0.0020)

0.9704(0.0018)

1(0)

0.9249(0.0026)

0.9429(0.0023)

0.9610(0.0021)

0.9802(0.0013)

0.8871(0.0029)

0.9077(0.0028)

0.9290(0.0025)

0.9518(0.0022)

0.9754(0.0015)

1(0)

0.25

0.8477(0.0037)

0.8696(0.0030)

0.8917(0.0030)

0.9163(0.0031)

0.9426(0.0024)

0.9705(0.0017)

1(0)

0.30

0.8099(0.0044)

0.8289(0.0040)

0.8518(0.0032)

0.8767(0.0034)

0.9040(0.0028)

0.9341(0.0024)

0.9661(0.0019)

1(0)

0.35

0.7786(0.0040)

0.7941(0.0042)

0.8139(0.0034)

0.8356(0.0035)

0.8622(0.0033)

0.8924(0.0033)

0.9256(0.0024)

0.9616(0.0016)

1(0)

0.40

0.7666(0.0041)

0.7809(0.0044)

0.7997(0.0040)

0.8240(0.0039)

0.8510(0.0036)

0.8819(0.0033)

0.9175(0.0027)

0.9565(0.0021)

1(0)

0.45

0.7592(0.0039)

0.7724(0.0038)

0.7901(0.0039)

0.8130(0.0036)

0.8401(0.0038)

0.8721(0.0030)

0.9102(0.0027)

0.9525(0.0021)

1(0)

0.50

1(0) a

0.9052(0.0027)

0.8195(0.0040)

0.10
0.7452(0.0049)

0.15
0.6805(0.0047)

0.20

Note: aThe value in round brackets is standard deviation from100 simulated data sets.

Accuracy
Estimate

0.6252(0.0046)

0.25

0.5798(0.0040)

0.30

0.5445(0.0052)

0.35

0.5200(0.0047)

0.40

Table 6: Accuracy estimates averaged for 100 simulations based on fixed recombination fraction (one flanking marker).

0.5047(0.0048)

0.45

0.5002(0.0049)

0.50

0.7498(0.0039)
Note: aThe value in round brackets are standard deviations from 100 simulated data sets.

0.9807(0.0013)

1(0)
0.9852(0.0013)

0.20

0.50

0.05

1(0)

0.9901(0.0009)

1(0)

0.9951(0.0007)

0.15

0.7572(0.0047) 0.7525 (0.0041)

0

1(0)a

0.10

0.05

0.45

0.40

0.35

0.30

0.25

0.20

0.15

0.10

0.05

0

0

Table 5: Imputation accuracy estimates averaged for 100 simulations based on fixed recombination fractions with double crossovers (two flanking markers).
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started stabilizing after five markers were selected for each data set
(Table 7 and Figure 1). Thus, we only focused on the frequencies of
the first five markers being selected into the models.

had one flanking marker (recombination fraction r1 ranged from 0 to
0.17). Based on the simulation results (Tables 5 and 6), the estimated
mean accuracy of the imputation data for this barley SNP marker data
set was greater than 0.95.

The forward selection method was used to select a group of
markers with maximum contribution to heading date in barley. For
comparison both imputation and deletion methods were considered
and integrated with the forward selection method. When using
the imputation method, for each imputation data set, we denoted
the cumulative adjusted coefficient of determination as CRI2 ,
(k=1,2,…,1000) and the mean imputation-based cumulative adjusted
coefficient of determination as CRI2 following the equation:

CRI2 =

SNPs associated with heading date
Once all missing SNP marker data were imputed, we used
a forward selection method to determine SNPs associated with
barley heading date. Since we observed that the adjusted coefficient
of determination R2 was stabilized after five SNP markers were
included in each model for each imputed data set, we focused on
the first five (i.e.p=5) selected SNP markers associated with heading
date for each imputed data set (Table 7). Of these five SNPs, SNPs
11_10262 and 11_20868 were located in genomic regions known
to be associated with heading date and SNP 11_11002 was located
within 6 cMofa known quantitative trait locus (QTL) for heading
date on chromosome 3 [38]. Our analyses showed that the probability
ofSNP 11_11002(chromosome 3) being selected into the model was
99.9% at the first step, followed by SNP 11_10262 (chromosome 4)
with a 100%probability of being selected. The other three markers
(SNPs11_10551,12_31469and 11_20868) were selected with almost
the identical probability of 87.1% (Table 7 and Figure 1). The adjusted
coefficient of determination (R2) for these five SNP markers in the
model was 44.98% while the first SNP (SNP 11_11002) contributed to
31.59% of the total variation in heading date. No SNP markers selected
were located on chromosomes 1 or 5 (based on 1,000 imputed data
sets in this study) where as only one SNP marker was identified on
chromosome 7 with a probability<15% (Figure 1) [39-44].

1 1000 2
∑ CRI ( K ) . When using the deletion method, we
1000 K =1

applied forward selection (selection step was fixed at five) based
on pair wise deletion methods and the corresponding cumulative
adjusted coefficient of determination was denoted as CRD2 . Since the
cumulative adjusted coefficient of determination were stabilized after
five markers being selected in each model, we only compared the
results of five-marker models for two methods.
All data analyses and computations were conducted by R
codes developed by the authors in this study under the R platform
(Version 3.0.1) and the authors of this paper wrote the code. An
Rpackage‘linkim’ for the proposed imputation method is available
online [37].

Results
Simulation results

Comparison of imputation and deletion methods

The imputation accuracies for different combinations of
recombination fractions are summarized in Table 5 (with two flanking
markers) and Table 6 (with one flanking marker), respectively. The
results in Table 5 showed that estimated accuracy increased as r1
decreased. For example, the accuracy rate was 0.9052 for r1 equal to
0.05 with one flanking marker. With two flanking markers available,
the estimated accuracy ranged from ~75% to 100% (Table 5). For
example, when r1=0005, the estimated accuracy was greater than 95%.
Generally, if one of r1 and r2 was fixed, the accuracy increased as the
other recombination fraction decreased. With one flanking marker
available, the estimated imputation accuracy ranged from ~50% to
100% (Table 6). The above results indicated that using two flanking
markers could improve imputation rate as compared to using one
flanking marker.

For comparison of imputation and deletion methods, we
considered the cumulative adjusted coefficient of determination
based on the first five markers as a criterion. We observed that the
imputation-based cumulative R2 ( CRI2 ) (Table 7) was slightly smaller
than the deletion-based cumulative R2( CRD2 ) (Table 8). One possible
reason was that the reduced sample sizes via deletion methods could
cause a slightly higher R2. In addition, SNPs 11_11002, 11_10262
and 12_31469 were detected based on both imputation and deletion
methods, but SNPs 11_20868 and 11_10551 were only detected based
on our imputation method while SNPs 11_21209 and 12_30691 were
only detected based on the deletion method.
Discussion
In order to improve mapping power and the utilization of genetic
marker data, compute tools are needed to deal with missing marker
data. Several genotype imputation methods were developed to impute
human genotypes [16-22,44-46] based on a reference data set. In plant
genotype imputations, such a ‘reference data set’ may not be available,
yet linkage information could be easily obtained when linkage maps

As for the barley SNP marker data used in this study, there were
a total of 9,643 missing genotype points (equivalent to ~ 3.4% of
missing markers). Among these missing genotype points, 96.34%
had two flanking markers (recombination fractions r1 and r2 ranged
from 0 to 0.19 and from 0 to 0.33, respectively) while another 3.66%

Table 7: Summary of detected SNP markers associated with heading date of barley detected in 1,000 imputations usinga forward selection method.
Step

SNP

Chr

Position (cM)

Selected marker frequency (%)

Missing Rate (%)

Cumulative Missing Rate (%)

1

11_11002

3H

43.99

99.9

2

11_10262

4H

55.63

100.0

0.3159

3.81

3.81

0.3696

2.23

3

11_10551

2H

139.65

5.25

87.1

0.4062

2.89

4

12_31469

6H

7.09

126.18

87.1

0.4319

6.96

12.99

5

11_20868

6H

124.85

87.1

0.4498

4.46

14.83

Abbreviations: SNP=Single Nucleotide Polymorphism; Chr = chromosome number;
method.
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Figure 1: The estimated frequencies for the selected SNP markers using forward selection for1000 imputations
Abbreviations: 89=SNP11_10551; 107= SNP 11_11002; 192= SNP 11_10262; 197= SNP 12_30237; 368=SNP 11_20868; 370=SNP 12_31469.

Table 8: Summary of detected SNP markers associated with heading date of barley detected using forward selection based on the deletion method.
Step

SNP

Chr

CRD2

Missing Rate (%)

1

11_11002

3H

0.3207

3.81

Cumulative Missing Rate (%)
3.81

2

12_31469

6H

0.3703

6.96

10.10

3

11_10262

4H

0.4057

2.23

11.42

4

11_21209

7H

0.4399

3.28

13.12

5

12_30691

2H

0.4597

9.45

16.53

Abbreviations: SNP=Single Nucleotide Polymorphism; Chr = chromosome number; CRD2 = Cumulative adjusted coefficient of determination based on deletion
method.

for different populations are established. In this study, we proposed
a new approach to impute missing marker data based on available
linkage information. It could be an important add it into the current
methods for association mapping studies.
The simulated results showed that our imputation method
provided high statistical accuracy in the case of two flanking markers
(Table 5). The estimated accuracy was higher if the missing locus
was more tightly linked with flanking markers. For the case of one
flanking marker, the estimated accuracy was from 0.5 to 0.9, if the
recombination fraction was between 0.5 and 0.05 (Table 6). Normally
for the same recombination fraction, the estimated accuracy for the
case where two flanking markers are available is greater than that
for the case where one flanking marker is available. The standard
deviations of accuracies in Tables 5 and 6 were smaller than 0.01,
indicating that the proposed imputation method was stable based on
the simulations.
Regarding the actual barley data, we not only imputed the missing
SNP data, but also integrated a forward selection method to identify a
group of markers associated with heading date (Table 7). In this study,
five important SNP markers associated with barley heading date were
detected. These five SNP markers contributed about 45% of the total
variation in heading date.
Volume 4 • Issue 1 • 1000115

Once a new data set is generated by imputation methods, many
computer tools could be employed for association mapping studies.
In this study, we have shown how thisimputation method could
be integrated with a forward selection method to identify a set of
markers associated with a quantitative trait of interest. It should be
pointed out that many other variable selection methods could be
employed as well. Our results showed that the first five markers were
consistently selected (with high percentage being selected) based on
1,000 imputed data sets (Table 7 and Figure 1). We also observed that
the selected SNP 11_11002 located on chromosome 3 contributed
the highest heritability for heading date, and previous studies showed
that there was a QTL near this SNP within 6 cm [38] associated with
heading date in barely.
The results obtained from genetic association mapping could be
highly impacted by high missing data rate [39], especially with the use
of the deletion methods. One advantage of the imputation method
has over the deletion methods is that the sample size remains the same
by imputing the missing data so that statistical power for association
mapping could be improved compared to the deletion methods
[40]. For example, the imputation method will be useful to identify
DNA markers associated with several traits simultaneously, which
might be impossible after the deletion of markers due to missing
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marked data. The second advantage of using imputation methods is
the possible integration with many association mappingapproaches.
The R package, ‘linkim’, we developed in this study could be easily
integrated with many other variable selection methods like LASSO
[7-9] and random forest [10]. In addition, we found that the results
of this barley data set by using the proposed imputation method were
similar to the results by a frequency based-single marker imputation
method [41]. One reason to explain the similar results from these two
imputation methods might be the low missing rate in this barley data
set.
In this study, we observed that the cumulative adjusted coefficient
of determination for both imputation data and deletion data were
stabilized after five markers were selected by the forward selection
method and the identified markers were similar. Three markers(SNPs
11_11002, 11_10262 and 12_31469) were detected by both imputation
and deletion methods; however, the orders that these markers being
selected in the models were different for these two methods (Tables
7 and 8). The total contribution of the selected markers to barley
heading date for the two methods was similar; however, the deletion
method only used 126 genotypes (16.53% out of 762 genotypes in the
data set) were deleted when these five markers were selected (Table 8).
To demonstrate the effect of missing marker data on the association
analysis, the barely data was deleted randomly to create10% and 15%
of missing rates and the modified data sets were then subjected to
the deletion and the imputation methods for association analysis.
The 10% and 15% of missing rates led to more than 30% and 50%,
respectively, genotype removal from the analysis if using the deletion
method, resulting in ~3% and 22%, respectively, of chance that at least
one of the five marker selected by the imputation method cannot be
significantly detected- 24% and 66%, respectively, of chance that at
least one of the five markers selected from the original data set using
the deletion method cannot be detected. On the other hand, the use
of the imputation method on the data with 10% and 15% of missing
rate always (100%) led to the identification of the same five markers
selected from the original data set using the imputation method. These
results strongly suggest that that our imputation based method yields
more consistent and thus potentially more reliable marker selection
compared to the deletion method. This conclusion is consisted with
the findings [14]. Therefore, the proposed imputation method is
preferred over the deletion method, especially for the data set with a
high rate of missing markers.
Though barley SNP marker data were used in this study, the
proposed approach could be applied to other types of genetic markers
once linkage information is available. Also, the proposed imputation
method could be extended to heterozygous genotypes. By modifying
our genotype imputation methods, we developed an R package
‘linkim’ [42] that is available on the Comprehensive R Archive
Network (CRAN) website[43].
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